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ABSTRACT

In this paperthe estimationof word posteriorprobabilitiesis dis-
cussedand their applicationin the CU-HTK systemusedin the
March 2000Hub5 ConversationalTelephoneSpeechevaluationis
described.Theword latticesproducedby theViterbi decoderwere
usedto generateconfusionnetworks,which provide a compactrep-
resentationof themostlikely word hypothesesandtheir associated
word posteriorprobabilities. Theseconfusionnetworks wereused
in a numberof post-processingsteps.The1-bestsentencehypothe-
sesextracteddirectly from the networks are shown to be signifi-
cantlymoreaccuratethanthebaselinedecodingresults.Theposte-
rior probabilityestimateswereusedasthebasisfor theestimationof
word-level confidencescores.A new systemcombinationtechnique
is presentedthatusestheseconfidencescoresandtheconfusionnet-
worksandperformsbetterthanthewell-known ROVER technique.

1 INTRODUCTION

Most HMM-basedspeechrecognitionsystemsuse the sentence-
level maximuma-posteriori(MAP) criterion to decideamongthe
possibleword sequencehypotheses.Thesentencelevel MAP prob-
ability and associatedword sequencecan be efficiently found by
usingBayesrule andtheViterbi assumption.In this approachit is
assumedto besufficient to consideronly thebeststate-level pathin-
steadof summingover all alternative pathscorrespondingto aword
sequence.

Recentlytherehasbeenrenewed interestin alternatives to the
sentenceMAP criterion. In [10] it was arguedthat this criterion
is only optimal with respectto minimising the sentence error rate,
whereastherealoptimisationaimin ASRdevelopmentis usuallythe
word errorrate.A techniquefor explicitly minimisingtheworderror
ratewaspresentedin [6]. This techniqueusesword-level posterior
probabilitiesandreliesonpost-processingthewordlatticegenerated
by a Viterbi decoder.

Estimatesof word-level posteriorscanalsobeusedasthebasis
for very accurateconfidencetaggingof the recognitionresult [1].
Previouslysuchconfidencescoresfor the1-bestwordsequencehave
beenusedto combinethe output of multiple recognitionsystems
usingtheROVER technique[2]. In this paper, a new approachthat
is a generalisationof theROVER techniqueis presented.This new
approach,unlike ROVER, takesalternative recognitionhypotheses
into account.

Theresultsof experimentsusingword posteriorsarepresented
in thecontext of theCU-HTK systemusedin theMarch2000Con-
versationalTelephoneSpeechevaluation.In thefollowing sectiona
brief overview of this systemis given. In section3 anoverview of
word posteriorprobabilitiesandtheir estimationfrom word lattices
is given. Experimentalresultsof theapplicationof word posteriors

in animproveddecodingschemearepresentedin section4. Thees-
timationof confidencescoresis discussedin section5. Finally the
new systemcombinationschemeusedin the CU-HTK evaluation
systemis presentedin section6.

2 SYSTEM DESCRIPTION

In this sectiona brief overview of theCU-HTK systemusedin the
March 2000Hub5evaluationis given (see[4] for details). All the
experimentsreportedarebasedon thissystem.

The acousticmodelsusedare triphoneandquinphoneHMMs
trainedon datafrom theSwitchboardandCallHomecorpora.Two
differenttrainingcriteriawereused,namelytheconventionalmaxi-
mumlikelihoodestimation(MLE) criterionandthemaximummu-
tual information estimation(MMIE) criterion. The resultingfour
model sets(two eachfor triphonesand quinphones)are usedin
different stagesof recognition. Vocal tract length normalisation
(VTLN) wasusedin trainingandtesting.During recognition,max-
imum likelihood linear regression(MLLR) basedspeaker/channel
adaptationwasperformedanda full-variancetransformapplied.

A 4-gramlanguagemodelwastrainedon the transcriptsof the
acoustictrainingdataandadditionalbroadcastnews transcriptions.
Theword4-gramwassmoothedwith aclass-basedtrigramthatused
automaticallyderivedclasses.

Thesystemoperatesin a numberof differentstageswith more
complex modelsbeingappliedin later stages.The first two stages
areonly usedto determinethegenderof thespeaker, selectaVTLN
warp factor and to generatean initial transcriptionfor use in the
MLLR adaptation. In the third stagelatticesare generatedusing
the MMIE triphonesand the 4-gramlanguagemodel. Theselat-
ticesare then individually rescoredusingthe four differentacous-
tic modelsets(afterapplicationof MLLR anda full-variancetrans-
form), resultingin four latticesfor eachutterance.Thelexicon used
for rescoringcontainedpronunciationvariantswith unigramprob-
abilities. The latticesgeneratedby thesefour systems(referredto
asP4a,P4b,P6aandP5b in [4]) are the basisfor all experiments
reportedin this paper. All experimentswereperformedon the test
setsusedin theSeptember1998andMarch2000Hub5evaluations
(eval98andeval00,respectively).

3 WORD POSTERIOR PROBABILITY
ESTIMATION

Word-level posteriorprobabilitiesare the basisfor the techniques
discussedin this paper. Estimatesof theseposteriorsare derived
from theacousticandlanguagemodel(LM) likelihoodsof theword
sequenceshypothesisedby a Viterbi decoder.



3.1 Lattice-based Posterior Estimation
Theestimationof word-level posteriorprobabilitiesis basedon the
wordlatticesgeneratedby aconventionalViterbi decoder. Theword
latticesrepresentthemostlikely partof thesearchspacefor eachut-
teranceandcontainscoresfor a large numberof competingword
hypotheses.In the latticesusedhere,eachnodecorrespondsto a
point in time andeachlink is labelledwith a word (pronunciation)
hypothesisand the associatedlog likelihoodsfrom all the models
used(acoustic,pronunciationand languagemodel). As someof
thesescoresmaydependonthesurroundingcontext (e.g.crossword
acousticmodelsor n-gramlanguagemodels)many of thelinks have
to be duplicated,i.e. thereare multiple links with the sameword
labelandthesamestartandendtimes.

The estimationof word posteriorsis performedin two stages.
First the link posteriorprobability ������� 	�
 is estimatedfor each
link � . Theseprobabilitiesare then combinedto form word pos-
teriors for the setof links that areconsideredto correspondto the
sameword.

Thejoint probabilityof a latticepath � (correspondingto word
sequence ) andtheacousticobservations 	 is theproductof the
scoresfrom thethreemodels:��������	�
�������������	�� ��
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&��')(*����� %
 (1)

where + is the factorthat is usedto scale down theacousticscores
(contraryto normalpracticein Viterbi decodingof scalingtheLM
scores)becauseotherwisetheresultingdistribution would typically
be dominatedby the bestpath. The scalingusedhereresultsin a
much “flatter” posteriordistribution. This form of scalingis also
moreappropriatefrom atheoreticalpointof view sincethemainef-
fect, thatscalingattemptsto compensatefor, is theunderestimation
of theacousticlikelihoodsdueto invalid independenceassumptions.

For eachlink � , the joint probabilitiesof all pathsthroughthe
link (set ,  ) aresummedto yield thelink posterior:
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This summationcanbeperformedefficiently usinga variantof the
forward-backwardalgorithmon thelattice.

Thesecondstepin theestimationof wordposteriorsis thecom-
bination of links that correspondto the sameword in the utter-
ance. This decisionis non-trivial andcorrespondsto the problem
discussedin [11] in thecontext of N-bestlists.

The approachusedin the following experimentsand the final
evaluationsystemis basedon the clusteringprocedureintroduced
in theframework of “consensuallatticepost-processing”in [6]. An
alternativetexhniquebasedontime-conditionedwordposteriorswas
introducedin [1].

3.2 Confusion Network Generation
The confusionnetwork decodingtechniquerelies on a clustering
procedurethattransformsaword latticeproducedby aconventional
Viterbi decoderinto a lineargraph,calleda confusion network. All
pathsthroughthis graphpassthroughall nodesin the sameorder.
The links aregroupedinto confusion sets andevery pathcontains
exactly onelink from eachsuchset.Theclusteringis performedin
two stages.In thefirst stage,links thatcorrespondto thesameword
andoverlapin timearecombined(i.e. theirposteriorsareaddedand
the graphtopologyis updated).The resultof this stageis a graph
thatcontainsword posteriors.

In thesecondstage,links correspondingto differentwordsare
clusteredinto confusionsets. Thesesetsrepresentcompetinghy-
pothesescorrespondingto thesamepartof theutterance.Theorder
of clusteringis basedonthephoneticsimilarity, thetimeoverlapand
theposteriorsof thewords.Theclusteringis constrainedby theor-
derof links encodedin theoriginal latticeandis performeduntil the
lineargraphstructureis achieved.A detaileddescriptionof theclus-
teringprocedureis givenin [5] andanexampleof sucha confusion
network is shown in Figure1.

F  0.2

D  0.1

C  0.4

A  0.3A  0.6

B  0.3

C  0.2

D  0.1

A  0.2

B  0.8

B  0.7

E  0.2

−−  0.1

Figure1: ExampleConfusionNetwork

Confusionnetworks offer a very compactrepresentationof the
mostlikely wordhypothesesandwill beusedin theprocessingsteps
describedin thefollowing threesections.

4 POSTERIOR PROBABILITY DECODING

Theconfusionnetworksgeneratedby theprocedureoutlinedin the
previoussectionareusedin a decodingschemethataimsto find an
improved1-bestsentencehypothesis(cf. [6]).

In a confusionnetwork, eachword hypothesisis labelledwith
its word posteriorprobability, i.e. thesumof thelink posteriorsthat
werecombinedin theclustering.Thesentencehypothesisfoundby
picking theword with thehighestposteriorfrom eachconfusionset
canbeshown to havethelowestexpectedworderrorrate(according
to theposteriordistribution representedin thenetwork).

Theconfusionnetwork decodingtechniquewasevaluatedin the
CU-HTK Hub5evaluationsystemdescribedin section2. For each
of the four systems(triphone/quinphoneandMMIE/MLE) confu-
sionnetworksweregeneratedandthehypothesiswith theminimum
expectedword errorratewasfound.

triphones eval98 eval00
WER WER SER

MMIE
Viterbi 38.5 28.4 65.7
Confnet 37.1 27.2 65.8

MLE
Viterbi 39.3 28.8 65.4
Confnet 38.0 27.8 65.4

quinphones eval98 eval00
WER WER SER

MMIE
Viterbi 37.2 27.3 66.0
Confnet 36.0 26.5 66.2

MLE
Viterbi 38.2 27.6 65.0
Confnet 37.0 26.9 65.4

Table1: Word Error Rates(WER) andSentenceError Rates(SER)
usingConfusionNetwork andViterbi Decoding

In Table1 theworderrorratesfor theconfusionnetwork decod-
ing technique(Confnet)arecomparedagainstthebaselinesentence-
level MAP results(Viterbi). Confusionnetwork decodingachievesa



consistentimprovementof morethan1% absoluteover thebaseline
andasexpectedthesentenceerrorratestaysconstantor increasesas
a sideeffect of theminimisationof theworderrorrate.

A relevantdetailof thelatticetransformationprocedureasused
hereis thatpronunciationvariantsof thesameword(whichresultin
multiple links in the word lattice) arerecombined.As a result the
word posteriorsestimatedin the first stageof the above procedure
do not just representthe probability of the most likely pronuncia-
tion of a word but the sumover all variants. This summationover
variantsis very desirablefrom a theoreticalpoint of view but is dif-
ficult to implementdirectly in aViterbi decoder. Thereforetypically
only the most likely variant is taken into account. A modification
to the Viterbi decodingprocedurethat offers a limited versionof
this summationhasbeensuggestedrecentlyin [7], but only variant
hypothesesendingin the sametime frameareconsideredand the
acousticmodelsareconstrainedto ignorecross-word contexts. The
confusionnetwork framework providesa moregeneralsolutionto
this problem.

5 CONFIDENCE SCORES

As the speechrecogniseris not perfectit is often useful to anno-
tatethewordsin the1-besthypothesiswith a measureof how cer-
tain the recogniseris in its decision. Theseword level confidence
scoreshave many applicationsin thepost-processingof the recog-
niseroutput(e.g.syntacticparsing,informationextraction,etc.).For
exampleall wordswith a confidencescorebelow a thresholdcould
beconsideredasunreliableanddiscarded.If sucha schemeis used
only therelativeorderof wordhypothesesis relevant. In otherappli-
cationsmakinga harddecisionis not appropriateanda confidence
scoreis assumedto be the posteriorprobability thata word is cor-
rect1. Thereforeit is importantthat the absolutevaluesare in the
correctrange. The metric mostcommonlyemployed to assesthe
accuracy of a confidencescoringprocedureis thenormalizedcross
entropy (NCE).

TheNCEisaninformationtheoreticmeasureof how muchaddi-
tional informationtheconfidencetagsprovide over thetrivial base-
line caseof settingall scoresto the(optimal)constantvalue� � (cor-
respondingto the ratio of correctwords in the hypothesis: ���3�465 798

sub
8

ins, wheresubandinsarethesubstitutionandinsertion
error probabilitiesrespectively). An NCE of zeromeansno addi-
tional informationis containedin theconfidencescoresandpositive
valuesmeanthey provide useful extra information. See[8] for a
moredetaileddiscussionof this metric.

Theword posteriorprobabilitiesthat resultfrom theconfusion
network clusteringprocedurecan be useddirectly as confidence
scoresbut they tend to overestimatethe probabilitiesof correct
recognition.This is dueto thefactthatthelatticesusedasthebasis
for theposteriorestimationonly representpartof theposteriordis-
tribution anda significantamountof theprobabilitymassis “miss-
ing”. Consistentwith thisexplanation,it wasfoundthatthiseffect is
morepronouncedin systemswith highererror ratesandon smaller
lattices. If the systemhasa low overall error ratethenthe models
areableto distinguishrelatively well betweenthecorrecthypothesis
andincorrectalternatives,whereasfor systemswith high errorrates
theprobabilitymassis moreevenly distributedover a largenumber
of competinghypotheses.

1In this context “correct” refersto theresultof thestandardLevenshtein
scoringprocedure,i.e. it dependson theexactalignmentprocedureandthe
context of thereferenceandhypothesisword sequences.

To compensatefor theover-estimationeffectweappliedapiece-
wise linearmappingto the latticebasedposteriorestimatesto map
them to confidencescores. This mappingfunction is basedon a
decisiontree(see[1]). An alternative to this is the useof a neural
network for themappingassuggestedin [9].

posteriors +mapping
eval98 eval00 eval98 eval00

TriphoneMMIE -0.034 0.191 0.238 0.294
TriphoneMLE -0.034 0.195 0.236 0.287
QuinphoneMMIE -0.132 0.135 0.224 0.284
QuinphoneMLE -0.097 0.180 0.229 0.292

Table2: NCEswith andwithoutMapping

Table2 gives the NCEs beforeandafter the mapping. It can
beseenthatfor theeval00testsettheunmappedposteriorsperform
muchbetterthanfor the eval98 set. This canbe explainedby the
fact that the systemhashasa muchlower error rateon the eval00
setandthereforethe latticescontaina largerpartof theprobability
massin thesamenumberof paths.

Thenormalisedcrossentropiesachievedusingthelatticebased
estimationclearlyoutperformothertechniques.Theconfidencees-
timationschemeusedin the1998CU-HTK system[3] reliedon an
N-besthomogeneitybasedmeasureandresultedin anNCEof 0.143
on theeval98set.

Thepiece-wiselinearmappingusedis basedonasmalldecision
tree(eightleafnodes).Table3 shows theaverageconfidencescores
andthe optimal constantscore� � . The treeusedfor this mapping
wastrainedon theeval98 data. It canbeseenthat thediscrepancy
betweentheaverageconfidencescoreand��� is biggeron the(much
easier)eval00data,whichimpliesthatabetterNCEcouldhavebeen
achievedby usingmoreappropriatetrainingdatafor themapping.

Triphones Quinphones
eval98 eval00 eval98 eval00

avg. confidence 0.722 0.763 0.729 0.763� � =1.0-sub-ins 0.750 0.809 0.751 0.810

Table3: AverageConfidenceScoresafterMappingfor MMIE Sys-
tems

6 SYSTEM COMBINATION

A techniquethathasbecomeverypopularin recentyearsis thecom-
binationof therecognitionoutputof multiple systemsto producea
hypothesisthatis moreaccuratethanany of theoriginal systems.

The mostwidely usedtechniqueis basedon the ROVER pro-
gram[2] andusesthe1-bestword sequencefrom thedifferentsys-
tems.Theseword sequencesarealignedusinga dynamicprogram-
ming (DP) proceduresimilar to theoneusedin scoringrecognition
results.Basedonthisalignmentadecisionis madeamongthewords
alignedtogether. This decisioncaneitherbebasedon a simplevot-
ing schemeor take confidencescoresinto account.If simplevoting
is used,thenvery frequently“ties” areencounteredwherethesame
numberof systemsfavouredtwo competingwords.In suchcasesan
arbitrarydecisionhasto bemade.If reliableconfidencescoresare
availablethis situationis avoidedanda far moreaccuratedecision
canbemade.

A limitation inherentin ROVER is the restrictionto the1-best
word sequencesin thealignmentaswell asthedecisionprocedure.



Thusonly wordshypothesesthatwerechosenby oneof thesystems
canbepickedasthefinal result.

Alternative hypothesescanbetakeninto accountby usingcon-
fusionnetworks insteadof word stringsin theDP alignmentproce-
dure.Thelocal scoringfunctionusedin ROVER’s DP algorithmto
comparetwo words (simple test for word equality) is replacedby
a versionthatcalculatestheprobabilityof a word matchgiven two
confusionsets. It was found that the useof alternativesand their
associatedposteriorsimprovedthequality of theDP alignmentsig-
nificantly.

Giventhealignmentof theconfusionnetworksa generalisation
of ROVER’s decisionprocedureis used. The probability of each
candidateword in thecompositesystemis calculatedasthesumof
the posteriorsfrom the componentsystems. In this calculationa
weightcanbeassociatedwith eachsystemalthoughin practicethis
wasfoundto makeonly averysmalldifference.Thecandidateword
with thelargestweightedsumof componentposteriorsis pickedas
thefinal systemoutput:
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The confidencescoreusedfor the final word is just the aver-
ageof the (mapped)posteriorsof the componentsystems.Table4
shows resultsof differentsystemcombinationtechniques.Thefour
main systemsusedin the CU-HTK evaluationsystemwere used
(MMIE/MLE andtriphone/quinphones,see[4] for details).Thesin-
gle bestsystemwasbasedon thequinphoneMMIE models.It can
be seenthat the useof confidencescoresconsistentlygivesbetter
performancethanthesimplevotingscheme.Theconfusionnetwork
combination(CNC) techniquepresentedheregave a a furthersmall
improvementover theuseof ROVER.

eval98 eval00
WER WER NCE

singlesystem QuinMMIE 36.0 26.5 0.284
2-way
(MMIE)

Rover conf 35.6 25.7 0.267
CNC 35.2 25.6 0.278

4-way
Rover vote 35.8 25.9
Rover conf 35.4 25.5 0.262
CNC 35.0 25.4 0.271

Table4: SystemCombinationResults

The improvement over the single best systemachieved by
ROVER areratherdisappointingespeciallyontheeval98testset.To
investigatetheinteractionbetweentheconfusionnetwork decoding
andthesystemcombination,theROVER experimentswererun on
the word hypothesesproducedby the Viterbi decoder(i.e. without
applyingtheconfusionnetwork decoding).

eval98 eval00
cn no-cn cn no-cn

QuinMMIE 36.0 36.9 26.5 27.3
4-wayROVER vote 35.8 36.6 25.9 26.6
4-wayROVER conf 35.4 36.1 25.5 26.2

Table5: Effectof ConfnetDecodingonSystemCombination

The results in Table 5 show that the improvementsdue to
ROVER areconsistentlyslightly biggerfor thecasewhereno con-
fusion network decodingwas applied. Neverthelessthe gainsare
almostadditive.

7 CONCLUSIONS

Wehavediscussedtheestimationof wordposteriorprobabilitiesand
investigatedapplicationsin large vocabulary decoding,the estima-
tion of confidencescoresand systemcombination. A generalisa-
tion of the ROVER techniquewaspresentedthat takes alternative
hypothesesand their posteriorprobabilitiesinto account. Experi-
mentalresultswerepresentedbasedon theCU-HTK conversational
telephonespeechevaluationsystem.
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